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RT-2: Vision-Language-Action Models foundation
Transfer Web Knowledge to Robotic Control models
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Figure 1 | RT-2 overview: we represent robot actions as another language, which can be cast into text tokens and
trained together with Internet-scale vision-language datasets. During inference, the text tokens are de-tokenized
into robot actions, enabling closed loop control. This allows us to leverage the backbone and pretraining
of vision-language models in learning robotic policies, transferring some of their generalization, semantic

understanding, and reasoning to robotic control. We demonstrate examples of RT-2 execution on the project
website: robotics-transformer2.github.io.
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Extreme Parkour with Legged Robots CORL: Quad ru ped parkour (CMU)

Xuxin Cheng, Kexin Shi, Ananye Agarwal, Deepak Pathak https://extreme-parkour.qithub.io/
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Figure 2: Training overview. In phase 1, we use RL to learn a locomotion policy with access to privileged
information like environment parameters and scandots [2] in addition to heading direction from waypoints. We
use Regularized Online Adaptation (ROA)[9] to train an estimator to recover environmental information from
the history of observations. In phase 2, we distill from scandots into a policy that operates from onboard depth
and automatically decides its heading (yaw) direction conditioned on the obstacle.
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Overview of the EVORA uncertainty-aware traversability learning and risk-aware navigation pipeline. To handle aleatoric uncertainty, EVORA
learns empirical traction distributions and uses the conditional value at risk (CVaR) of traction to forward simulate robot states. To handle epistemic

uncertainty, EVORA estimates the densities of traction predictor's latent features to identify and avoid out-of-distribution (OOD) terrains.
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Vision-controlled jetting for composite systems and
robots
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